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 In today’s uncertain and disruptive environment, 
every firm in the supply chain is susceptible to 
disruptions that may require high levels of firm 
resilience. We argue that recent advances in artificial 
intelligence (AI) may help. This paper expands our 
understanding of the role of AI in shaping firm 
resilience to supply chain disruptions and, in turn, 
enhancing firm performance. In doing so, we 
conceptualize AI use as a dynamic information 
processing capability—consisting of three dimensions: 
coordinating/integration, learning, and strategic 
competitive response capability—as an antecedent of 
firm resilience to supply chain disruptions, and firm 
resilience as a mediation factor that links AI use and 
firm performance. By analyzing the data gathered using 
a two-stage survey from 107 companies in Europe, we 
found AI use has a direct impact on firm resilience, and 
firm resilience fully mediates the relationship between 
AI use and firm performance. The findings of this study 
contribute to IT and supply chain literature.  
1. Introduction  
In today’s uncertain and disruptive environment, 
every firm is susceptible to disruptions [1]. The notion 
of organizational resilience—the ability of an 
organization to successfully confront the unforeseen—
has always been a core element of success when 
disruptions take place [1; 2]. However, given the 
numbers and types of threats that can undermine a 
supply chain are now greater than ever, resilience has 
taken on even more significance in supply chain 
management. A supply chain disruption may interrupt 
the flow of goods and services offered by organizations 
[3]. Consequently, disruptions in the supply chain can 
have negative consequences on firm performance, 
lowering both stock returns and firms’ competitive 
positioning in the markets [4]. For example, many 
manufacturers from various industries are struggling to 
manage the COVID-19 pandemic’s growing impact on 
their supply-chains. Some companies, such as General 
Motors, have extensively mapped their supply chains 
throughout the years. When the pandemic hit, those 
companies that had mapped their supply chain already 
knew which parts and materials were originating in the 
Wuhan and Hubei areas. As a result, they were able to 
bypass the frantic hunt for information and fast-track 
their responses [5]. Realizing that disruptions in the 
supply chain can have negative consequences, firms are 
now focusing on building resilience in order to mitigate 
the impact of future disruptions [1; 6].  
Prior research has acknowledged the difficulty in 
predicting and detecting the disruptions may vary 
depending on the type and nature of disruptions [4]. 
New technologies, such as artificial intelligence (AI), 
have provided a new way for organizations to enhance 
their resilience. AI’s ability to analyze huge volumes of 
data, understand relationships, provide visibility into 
operations, and support better decision making enables 
organizations to adapt to variability effects due to 
disruptions in a timely manner [7]. Although anecdotal 
evidence has pointed toward the benefits of AI to 
accurately predict inventories and provide flexibility to 
supply chain during a disruptive event, there is limited 
research on the role of AI in enhancing firm resilience. 
Although prior studies have argued that technology can 
strengthen supply chain resilience under uncertainty, 
and in turn, firm performance (e.g., [8]), AI offers 
greater advantage as it may accelerate the decision 
process in identifying, prototyping, and testing novel 
solutions [9]. In this current study, our goal is to 
understand how AI can make organizations more 
resilient to supply chain disruptions and, in turn, 
improve their firm performance. Studying resilience 
that focuses on the supply chain domain can help 
organizations overcome disruptions in the future.  
 AI is typically defined as “the ability of machines 
to perform human-like cognitive tasks” [10, p. i]. 
Organizations are deploying a range of AI tools and 
solutions such as machine learning and deep-learning to 
improve their forecast accuracy and detect problems at 
an early stage [11]. AI, if used strategically to process 
information and reconfigure organizational resources, 
can help reduce complexity and uncertainty [12]. There 
are already a number of research studies suggesting that 
AI can perform as well as or even better than humans at 
key business tasks, such as performing financial 







transactions, scheduling complex logistics, and 
forecasting technology development [13]. Thus, the 
importance of AI for creating value in organizations 
should not be understated.  
Drawing upon the dynamic capabilities theory [14], 
we propose and test a model that conceptualizes AI use 
as a dynamic organizational information processing 
capability. We assert that AI use directed toward the 
coordinating/integration, learning, and strategic 
competitive response capability [11] will have a direct 
impact on firm resilience to supply chain disruptions. 
These three inter-related dimensions jointly facilitate 
the creation and deployment of new configurations—a 
critical way to manage risk and recover from a supply 
chain disruptions [1]. Thus, they can be understood as 
subdimensions of a more complex, abstract construct 
representing dynamic capabilities [15]. Having argued 
that AI use directed toward coordinating/integration, 
learning, and competitive response processes is 
significant for firms to be resilient to supply chain 
disruptions, we expect to find that firm resilience 
mediates the relationship between AI use and firm 
performance—although the direct effect is possible.  
To test our research model, we conducted a two-
stage study among business and IT executives in France 
and UK. As a whole, the integrative research model of 
AI usage and its influence on firm resilience and firm 
performance developed in our study offers a theoretical 
background and explanation in the area of AI that has 
become widely desirable, and yet, continues to remain 
understudied.  
2. Theoretical Background  
2.1. Artificial Intelligence (Concepts and 
Definitions) 
Organizations are increasingly using AI that opens 
up new possibilities for the relationship between human 
and machines to perform tasks on digital platforms [16]. 
In this paper, we define AI as the ability of a system to 
acquire learnings by analyzing the external 
environment’s data and using acquired learnings to 
adjust or make new plans against environmental 
changes [17]. This includes deriving patterns from data 
using algorithms (i.e., machine learning for text 
analytics, predictive model) [18] and using Robotic 
Automation as well as virtual agents to support business 
processes [19]. Although at the operational level, there 
are different forms of AI (e.g., supervised, unsupervised 
AI), we do not distinguish among different types of AI. 
Instead, our conceptualization of AI focuses on its 
ability to acquire learning as we defined earlier.    
The growing computational AI capabilities are 
dynamic; they overlap with different sociotechnical and 
data-related entities [20]. For this reason, we explain the 
role of AI in organizations from the information 
processing perspective. Organization information 
processing theory characterizes business firms as open 
social systems that seek to execute business strategies 
through mitigating uncertainty in decision-making 
processes [21; 22]. According to this theory, necessary 
amount of information is required to satisfy decision 
making for a particular set of objectives [21]. 
Organizations with high information processing 
capability are able to gather, interpret, and synthesize 
information in a meaningful fashion that supports 
decision making [22]. AI systems are likely to 
complement or even replace human decision-making. 
For example, AI techniques, such as machine learning 
and robust estimation, are able to overcome human’s 
cognitive information processing constraints and deal 
with a more considerable amount of data while detecting 
patterns. In turn, they allow human users to generate 
new ideas in support of human-machine interaction 
during problem analysis [9].  
2.2. AI Use as A Dynamic Information 
Processing Capability 
Teece et al. [14] developed the notion of dynamic 
capabilities and argued that dynamic capabilities reflect 
“the capability to renew competences so as to achieve 
congruence with the changing environment” (p. 515). 
Dynamic capabilities enable organizations to integrate, 
build, and reconfigure their resources and competencies 
[14]. In an effort to understand the nature of dynamic 
capabilities, prior research has suggested the difference 
between ordinary and dynamic capabilities. Whereas 
ordinary capabilities can best be thought of as 
“achieving technical efficiency and “doing things right” 
in the core business functions of operations, 
administration, and governance” [23, p. 331], dynamic 
capabilities “help enable an enterprise to profitably 
build and renew resources and assets that lie both within 
and beyond its boundaries, reconfiguring them as 
needed to innovate and respond to (or bring about) 
changes in the market and in the business environment 
more generally” [23, p. 332].  
According to Protogerau et al. [15], there are three 
core processes underlying dynamic capabilities: (1) 
coordinating/integration; (2) learning; and (3) strategic 
competitive response processes. An organization’s 
applications of AI across their supply chain enable 
greater dynamic information processing capability that 
can be used to gather and interpret data, enabling 
organizations to easily allocate resources and tasks [10]; 
establish knowledge creation routine (learning) [18]; 
and reduce uncertainty by stimulating insights [24]. AI 




opportunities for designing intelligent products, 
devising novel service offerings, and inventing new 
business models [25]. These AI capabilities reflect the 
key characteristics of dynamic capabilities.  
We argue that for the information processing 
capability of AI to provide solutions for supply chain 
issues, it has to be directed toward the 
coordinating/integration, learning, and strategic 
competitive response processes. These three processes 
act jointly to facilitate the creation and deployment of 
new configurations of resources [15]. For example, AI-
based data-driven solutions may promote real-time 
coordination, enhancing supply chain collaboration and 
visibility. Such solutions will place the organization in 
a better position to implement innovative supply chain 
resilience strategies needed when a disruptive event 
comes. In turn, AI provides decision makers with 
knowledge to produce better resource configurations 
and reconfigurations that enhance firm resilience to 
supply chain disruptions.   
Coordinating/integration describes the firm ability 
to use and assess the value of existing resources and 
integrate them to shape new capabilities [15]. 
Coordinating/integration involves an effective 
coordination of a variety of tasks and resources and the 
synchronization of different activities [15]. We argue 
that the information processing power of AI can 
facilitate this coordination capability by augmenting 
human skills to organize and coordinate organizational 
core activities. This coordination capability could “lead 
organizations toward dynamic organizing and 
competitive advantage upon the introduction of 
intelligent technologies” [26, p. 15]. Some authors even 
argue that AI can “enable organizations to divide and 
allocate tasks as well as to integrate efforts in novel 
ways” [27, p. 67]. AI enables the integration of business 
systems with business or manufacturing operations that 
reduces process variation and improves global 
optimization [28].  
 Learning capability refers to the firm ability to 
explore and learn new ways while at the same time 
exploit what have already learned [15]. Processing 
information using AI can support organizational 
learning and enable firms to form and execute business 
strategies effectively [29]. For example, firms may use 
AI to assess potential key enablers of changes in supply 
and demand [26], identify patterns and correlations, and 
create a new form of organizational control (e.g., 
evaluations by users) [27]. Organizations that learn with 
AI can refine business processes quickly as 
circumstances changes [12]. As people in an 
organization continue to learn, their perception of a 
problem may change. When this happens, AI systems 
can be realigned with humans’ current problem 
understanding to facilitate learning [18]. Therefore, 
organizational learning supported by AI’s information 
processing capability is an important process, which 
through an interaction with human users, leads to 
increased firm performance [12]. 
Strategic competitive response capability refers to 
the firm ability to scan the environment, identify new 
opportunities, assess its competitive position, and 
respond to competitive strategic moves [15]. AI is 
increasingly capable of outperforming humans in terms 
of quickly responding to changing and complex 
situations [30]. AI can generate insights that firms can 
use in a decision processes [12]. For example, machine-
learning applications are being used to detect patterns in 
vast volumes of data and interpret their meaning [19]. 
Such insights can influence an array of business 
activities, including operations, revenue targets, 
performance management, and marketing [12]. 
In sum, the preceding arguments indicate that AI’s 
information processing capability applied in three core 
areas: coordination, learning, and strategic competitive 
response can facilitate changes within an organization. 
Thus, they can be understood as subdimensions of a 
more complex, abstract construct representing dynamic 
capabilities [15].   
3. Research Model  
Our proposed model is shown in Figure 1. Based on 
our earlier discussion, the use of AI in the areas of 
coordinating/integration, learning, and strategic 
competitive response (i.e., we use the term “AI use” for 
brevity) is considered a dynamic capability that will 
affect firm resilience to supply chain disruptions. We 
also suggest that firm resilience will mediate the 




Figure 1. Research Model 
 
Our study mainly focuses on the supply chain 




practical view, relative to internal operations, it is more 
difficult for firms to control external activities and to 
recover from disruptions with their suppliers and 
customers in unpredictable environments [8]. Further, 
given we assess the use and value of AI in the supply 
chain domain of organizations, we examine the 
operational aspect of firm performance (i.e., operational 
performance) as the dependent variable. We also 
include the following control variables—firm size, firm 
age, respondent’s executive level, respondents’ IT 
knowledge, and business knowledge—for firm 
performance. The construct’s definitions are 
summarized in Table 1.  
 
Table 1. Constructs’ Definition 
Construct Definition 
AI use A dynamic organizational information 
processing capability reflected in three 
processes: (1) coordinating/integration: 
assess the value of value of existing 
resources and integrate them to shape 
new capabilities; (2) learning: explore 
and exploit internal and external 
knowledge; and (3) strategic competitive 
response: scan the environment, identify 
new opportunities, and assess firm’s 





The capacity of organizations to 
anticipate, overcome, and recover from 
supply chain disruptions quickly [1]. 
Firm 
performance 
Measured as operational performance—
measurable aspects of the outcomes of an 
organization’s processes, including 
timeliness of delivery, high-quality 
supply, response time, operating 
efficiency, and process improvement 
[31].  
3.1. AI Use and Firm Resilience  
We predict that AI use will lead to high firm 
resilience. Firm resilience refers to the capacity of 
organizations to anticipate, overcome, and recover from 
supply chain disruptions quickly [1]. Examples of 
supply chain disruptions range from Hurricane Katrina 
in 2006, or the tsunami in Japan in 2011 to newer 
examples of disruptions, such as the COVID-19 
pandemic. These events caused a remarkable number of 
supply chain disruptions, resulting in long delivery 
delays, decreases in revenues and sales, and production 
suspensions that affected workforce utilization [4].  
When organizations are experiencing supply chain 
disruptions, the ability to manage resources and 
reconfigure them according to the environmental setting 
is critical for firm survival [32]. AI enables a data-driven 
approach to forecast trajectories using machine-
learning. Consequently, AI tools and applications can be 
used to improve the resilience of supply chain 
operations through a modeling approach to predict risks 
and assess vulnerability [4].   
Since a firm’s coordinating/integration capability 
involves processes of gathering and interpreting data, 
allocating resources and tasks, and communicating 
decision and information [15], AI directed to these 
processes may help firms be more aware that disruptions 
can occur based on past experience and learn from prior 
disruptions. Consequently, it will lead to high firm 
resilience. Further, a firm’s learning capability is 
dynamic and multilevel. This capability can promote, 
enhance, and renew technological knowledge [15] that 
is critical during supply chain disruptions. Firms that 
emphasize on learning are able to reconfigure and 
realign their resources and processes to develop 
capabilities [33]. The ability to utilize AI for learning 
can significantly enhance the firm’s capability to cope 
with anticipated disruptions, sense and respond quickly 
and appropriately to changing conditions [12]. Lastly, if 
firms can quickly reshape its asset base and effectively 
evaluate markets’ and competitors’ move, they are 
likely to have a better capability in managing resources 
to respond to disruptions [1]. Optimization and 
simulation models provided by AI technologies targeted 
to enhance strategies competitive response capability 
allow firms to conduct a robust supply chain design and 
resilience analysis. Taken together, AI is an important 
tool needed to implement resilience strategies [34].  
AI’s ability to process a large amount of 
information facilitates overall organizational learning 
capability [16] and decision-making processes [35] that 
may lead to the deployment of contingency plans to deal 
with challenges posed by organizational and supply 
chain disruptions. Furthermore, AI could be used to 
identify organizational slack resources (e.g., material, 
financial, social, network, and intangible resources), 
which could then be reconfigured to help solve issues 
generated by disruptions [36]. Moreover, AI could help 
managers understand their competitive environment and 
their patterns of change, and thus taking all the required 
actions to respond to change [37]. Thus, we can 
hypothesize: 
H1: AI use positively influences firm resilience to 
supply chain disruptions 
3.2. Firm Resilience and Firm Performance  
Prior research has shown that supply chain 
disruptions directly and indirectly impacted supply 
chain performance, lowering both stock returns and 
firms’ competitive advantage [4]. Organizational 
resilience reduces the firm's vulnerability to supply 




occurred [1]. This organizational resilience for supply 
chain disruptions could be viewed as the firm's 
capability to “be alert to, adapt to, and quickly respond 
to changes brought by a supply chain disruption” [1, p. 
112]. It allows a firm to keep its operations running 
during disruptions and thus increases firm performance 
[38].  
In this study, we postulate that AI use will enhance 
firm resilience, which in turn, will improve firm’s 
operational performance. Because AI use for 
coordination, learning, and strategic responses is 
embedded in organizational routines (i.e., 
organizational practices and processes that utilize 
clusters of resources to achieve desired outcomes), such 
usage enables organizations to renew firm-level and 
supply-chain resources to endure or respond to changes 
[39]. AI helps firms detect threats, either from the 
external business environment or from the internal 
supply chain network in a timely manner. Consequently, 
firms can flexibly inspect goods and information flows 
from one end of the supply chain to the other. As firms 
are able to identify operational risks in a timely manner, 
AI use directed to improve coordination, learning, and 
strategic response can reduce potential financial losses 
caused by supply chain disruptions. Thereby, we 
hypothesize that AI use influences firm performance 
through firm resilience to supply chain disruptions.  
H2: Firm resilience to supply chain disruptions 
positively mediates the relationship between AI use 
and firm performance 
3.3. AI Use and Firm Performance   
Although we hypothesize that firm resilience to 
supply chain disruptions will mediate the relationship 
between AI use and firm performance, we also 
hypothesize that AI use may have a direct impact on 
firm performance. By offering new insights in various 
areas (e.g., customer insights, marketing, supply chains, 
operations, etc.), the use of AI enhances firm’s 
operational performance and enables firms to 
continually develop a series of temporary advantages in 
supply chain. For example, business are increasingly 
making use of AI systems to overcome information 
processing constraints inherent to supply chain, 
resulting in innovative paths of designing new products, 
solving supply chain issues and satisfying customers, 
and eventually, improving firm performance [9].  
Empirical studies that established the link between 
AI use and firm performance are emerging. For 
example, Mikalef and Gupta [40] conceptualized AI 
capability as a high-order construct encompassing 
several dimensions, including tangible resources, 
human skills, and intangible resources. Then, they found 
a positive and significant relationship between AI and 
organizational performance. Similarly, Dubey et al. [41] 
found that AI usage enables analytics capabilities that 
has a positive and significant impact on firm operational 
performance. In other words, we suggest that the more 
a firm is endowed with capabilities to use AI to establish 
dynamic capabilities that enable it to coordinate its 
resources, enhance and renew technological knowledge, 
and modify its resource base, the higher its performance 
will be. Therefore, we hypothesize that: 
H3: AI use positively influences firm performance 
4. Research Method 
To test the research hypotheses, we conducted a 
two-stage survey to collect data from business and IT 
executives in Europe (i.e., United Kingdom and France) 
through a questionnaire. We measured AI use and the 
control variables at one point in time (t1) and measured 
firm resilience and firm performance at a second point 
in time (t2). The first survey was conducted in 
November 2020, and the second survey was completed 
by the same respondents four months after the first 
survey. Of 225 respondents who completed the first 
survey, a total of 107 respondents completed the second 
survey for an effective response rate 47.5 percent. Our 
unit of analysis is an organizational level. Only firms 
that had adopted AI systems (i.e., virtual agents, 
machine learning platforms, deep learning platforms, 
robotic process automation) in their supply chain and 
business processes at the time of the survey were 
eligible to participate.   
The questionnaire was developed based on prior 
literature, with items being adapted from previously 
tested instruments. Items to measure three dimensions 
of AI use were adapted from Protogerou et al. [15]. 
Coordination capability was measured using three items 
(e.g., in our firm, AI tools and applications have 
facilitated integration and standardization of business 
process); learning capability was measured using three 
items (e.g., in our firm, AI tools and applications have 
facilitated organized processes of in-house learning and 
knowledge development); and strategic competitive 
response capability was measured using four items (e.g., 
in our firm, AI tools and applications have facilitated 
timely response to competitive strategic moves). Firm 
resilience’s scale was adapted from Ambulkar et al. [1] 
(e.g., during COVID-19 pandemic, we were able to 
maintain high situational awareness at all times; we 
were able to provide a quick response to the supply 
chain disruption). Lastly, firm performance, which 
directed to measure operational performance, was 
measured using five items adapted from Queiroz et al. 
[31] (e.g., indicate your firm’s performance during the 
last 12 years relative to all other competitors in terms of 




response time, (4) operating efficiency, and (5) process 
improvement). All items used to measure the focal 
constructs were measured using a 7-point Likert scale. 
Respondents’ IT and business knowledge were 
measured by asking respondents two questions—each 
on how knowledgeable they were about their company’s 
IT and business strategies using a 5-point Likert scale. 
The questionnaire was first tested using IT professionals 
recruited in Prolific.co. We then revised the 
questionnaire based on the comments received from the 
pilot testing.  
We decided to use a single informant from each 
organization for several reasons. First, using multiple 
informants per organization would have an adverse 
effect on our sample size [42]. Second, collecting data 
using multiple informants can create potential bias (e.g., 
executive may have doubts that the responses will be 
truly anonymous) [42]. Additionally, collecting data 
using multiple informants may result in subjectivity and 
measurement errors [43].  
Questionnaires were electronically distributed to 
members of an online panel managed by a market 
research company. Companies located in UK and 
France were the target of our surveys. A total of 107 
respondents completed survey t1 and survey t2. Given 
the questions being asked were related to AI and its 
consequences, we targeted either business or IT 
executives with high levels of shared domain knowledge 
(i.e., high business and IT knowledge). Demographic 
information collected suggested that the respondents 
were reliable sources. On average, respondents’ levels 
of business and IT knowledge were 3.88 and 3.87, 
respectively (on a 5-point Likert Scale); had more than 
5 years of experience in their managerial positions, and 
more than 84 percent of the respondents had at least an 
undergraduate degree or higher. The demographics of 
our sample reveal that over 68 percent of firms were 
based in France. The median firm size was 501-1000 
employees, and the median firm age was over 15 years.  
To assess potential nonresponse bias in survey one, 
we employed wave analysis [44]. Responding firms 
were grouped into early and late respondents, and 
comparisons were made along respondent’s age, gender, 
education, firm size, and firm age. Our analysis 
demonstrated that no significant differences between 
early and late respondents. Responding and 
nonresponding firms were compared along the same 
criteria for the second survey. Again, there were no 
significant differences between responding and 
nonresponding firms. Based on these findings, we 
conclude that nonresponse bias is not a major concern 
in this study.  
5. Data Analysis and Results  
We analyzed the survey data using partial least 
square (PLS) with a two-step analytic approach. First, 
the measurement model was evaluated to assess the 
validity and reliability of the measures. Second, the 
structural model was evaluated to test the hypotheses. 
The psychometric properties of all scales were assessed 
within the context of the structural model through an 
assessment of discriminant validity and reliability.  
5.1. Measurement Model  
Following Protogerou et al. [15], we conceptualize 
AI use as a reflective, second order construct. A 
reflective second-order measurement model was 
estimated to arrive at a representative holistic construct 
using coordination, learning, and strategic competitive 
response capabilities as first-order constructs.  
The psychometric properties of the scales are 
assessed in terms of item loadings, internal consistency, 
and discriminant validity. Item loadings and internal 
consistencies greater than .70 are generally considered 
acceptable [45]. As summarized in Table 2, the scales 
used in the study largely meet these guidelines. All 
indicators also loaded more strongly on their 
corresponding constructs than on other constructs, 
suggesting high discriminant validity.  
 
Table 2. Item Loadings, Compositive Reliability, 
and AVE 
Item CR AVE AI Use OR FP 
Coordination_t1 .95 .67 .96 .42 .35 
Learning_t1 .91 .37 .30 
CompResponse_t1 .92 .46 .28 
OrgResilience1_t2 .92 .71 .15 .70 .24 
OrgResilience2_t2 .37 .83 .35 
OrgResilience3_t2 .32 .86 .48 
OrgResilience4_t2 .48 .91 .47 
OrgResilience5_t2 .44 .89 .51 
FP1_t2 .92 .69 .28 .48 .84 
FP2_t2 .14 .39 .80 
FP3_t2 .29 .49 .84 
FP4_t2 .32 .32 .77 
FP5_t2 .33 .43 .90 
CR = Compositive Reliability; AVE = Average Variance 
Extracted; t1 = Measured at the first stage of survey; t2 = 
Measured at the second stage of survey.  
 
To further assess discriminant validity, the average 
variance extracted (AVE) should be larger than the 
inter-construct correlations [46]. As shown by the 
comparison of inter-construct correlations and AVE 
(bold numbers on the leading diagonal) in Table 3, the 
constructs meet this guideline, pointing to the 




Table 3. Correlation Matrix 
  
In addition to establishing measurement reliability 
and validity, it is important to consider the potential 
effects of common method bias. For several reasons, 
common method bias is not likely to be a source of bias 
in this study. First, the potential for common method 
bias is lessened somewhat by the fact that we gathered 
the data in two different time periods [47]. Second, the 
correlation scores among the focal constructs are 
relatively low. These observed correlations provide 
evidence that common method bias is not prevalent [48]. 
Third, we conducted two statistical tests to assess the 
potential of common method bias, including Harman’s 
single-factor test [47] and the marker variable technique 
[49]. Both tests suggest that common method bias does 
not appear to be problematic. Based on the study design 
and various statistical tests, we therefore conclude that 
the probability of common method bias is minimal and 
is unlikely to bias the findings of our study.   
5.2. Structural Model  
The structural model is presented in Figure 2. The 
findings showed that AI use had a direct effect on firm 
resilience to supply chain disruptions, supporting H1. 
We performed a mediation test to examine the 
mediation role of firm resilience. The indirect effect of 
AI use on firm performance through firm resilience was 
significant (.22, p<.001), supporting H2. However, the 
direct effect (after firm resilience was added to the 
model) was not significant (β = .14, p = .10). These 
results suggest that firm resilience fully mediated the 
relationship between AI use and firm performance. 
Thus, H3 was not supported.  
 
 
***path coefficient is significant at .001.  
 
Figure 2. Structural Model 
6. Discussions  
The current study investigates how the firm ability 
to use AI’s information processing capability directed 
toward three core activities: coordination, learning, and 
strategic responses influences firm resilience, and in 
turn, firm performance. Our examination of the 
mediating effect of firm resilience provides a more 
thorough discussion on how AI use may indirectly 
influence firm performance. The insignificant direct 
effect of AI use on firm performance suggests that AI 
use is not necessarily linked to firm performance, but 
foremost to the firm ability to reconfigure its resources 
using AI that facilitates firm resilience to supply chain 
disruptions. The findings of our study specify that AI 
use can create value indirectly by enhancing firm 
resilience (i.e., its impact on firm performance is fully 
mediated by firm resilience).  
6.1. Theoretical contributions and 
implications 
Supply chain has always been affected by 
predictable or unforeseen events that threaten firm’s 
profitability and continuity [50]. In our study, we 
present a clear definition of AI’s information processing 
capability as a source of dynamic capabilities that 
influences firm resilience to supply chain disruptions. In 
today’s highly networked business environments, AI’s 
information processing capability enable firms to 
capitalize and compete by increasing the exploitation of 
ideas and information. AI enables faster and more 
complete information processing, leading to more 
accurate predictions that give decision makers greater 
advanced notice of the need to adjust resource 
allocations when disruption events take place. AI 
directed toward the following three areas: coordination, 
learning, and strategic competitive responses, leads to 
stronger firm resilience.   
Our findings extend the IS literature as well as 
supply chain disruptions literature to include a better 
understanding of the importance of emerging 
technologies such as AI for firm resilience. For 
example, many recent studies have demonstrated the 
negative impact of COVID-19 pandemic on the supply 
chain of many companies from various industries, and 
how firm resilience can minimize such impact (e.g., 
[51]; [52]; [53]). Our findings contribute to the existing 
studies by demonstrating that emerging technologies 
such as AI can help organizations be more resilience to 
supply chain disruptions. AI use enables firms to 
reconfigure their resources in the face of disruptions. 
These findings support the notion that although it is 




resources themselves cannot guarantee resilience [1]. AI 
directed to reconfigure resources through its 
information processing capability is critical to firm 
resilience. When facing a disruption, firms that are able 
to utilize AI to evaluate their current resource base (e.g., 
predicting future supply and demand), provide insights 
for decision-making processes, and support 
organization learning are likely to quickly recover from 
the disruption.  
Our findings show that AI use does not have a direct 
impact on firm performance. Although prior research 
has demonstrated a significant direct effect of emerging 
technology usage such as big data analytics on firm 
performance (e.g., [54]), these studies did not consider 
firm resilience as a mediator. Theoretically, dynamic 
capabilities do not engage in the production of 
marketable good or service [14; 15]. Instead, they build, 
integrate, and reconfigure existing resources [14] that 
are needed during the time of high uncertainty. Facing 
disruptions, organizations may sense new threats and 
opportunities and may need to renew, reconfigure or 
realign their risk management infrastructure. AI 
provides firms with new insights and new ways to deal 
with disruptions. Lack of firm resilience will lead to low 
firm performance, despite high AI use. Therefore, firm 
resilience mediates the relationship between AI use and 
firm performance.   
Further, our research contributes to the dynamic 
capability literature. We conceptualize AI use as a 
dynamic organizational information processing 
capability that can influence key aspects of firm 
resilience to supply chain disruptions. Unlike 
technology in the past, AI has greater autonomy and 
deeper learning capacity [25]. Such AI capabilities 
could revolutionize industries and change a firm’s 
competitive environment. Our study demonstrates that 
when firms are able to direct AI’s information 
processing to coordinating/integration, learning, and 
strategic competitive responses, they become more 
flexible to meet the demands of surviving in a changing 
environment.   
 
6.2. Limitations and Future Research 
 
We note several potential limitations of the study. 
First, we conducting the data collecting when the 
COVID-19 pandemic was in effect. Data collected pre- 
or post-pandemic may yield different results as firms 
operate in a less-dynamic environment. It would be 
interesting to examine the relationship between AI use 
and firm performance when firms operate in a more 
stable environment.  
Second, we used self-reported data to test the 
model. Although considerable efforts were made to 
ensure data quality, the potential of survey biases cannot 
be excluded. Future research is needed to elaborate 
objective performance data with self-report data.  
Third, our study relies on members of top 
management team as the key informants. Although we 
measured their level of IT and business knowledge, 
future research sampling multiple informants will be 
helpful to improve the validity of our study.   
Despite all these limitations, this study is the first to 
use a two-stage survey approach at the organizational 
level to study the impact of AI use. The study extends 
the existing body of knowledge on organization-level IT 
adoption. Specifically, we focus on AI use as a dynamic 
capability consisting of three core processes. We also 
provide more insights into the nature of the relationship 
among AI use, firm resilience, and firm performance.   
 
6.3. Practical implications 
 
The results of this study have several important 
implications for managerial practices. First, as adoption 
of AI continues to increase and many organizations now 
use AI systems to generate some business value, they 
are still struggling to build AI capabilities that can lead 
to increased firm performance [12]. Interestingly, our 
findings show that the effect of AI use on firm 
performance is mediated by firm resilience to supply 
chain disruptions. Following the COVID-19 outbreak, 
firm resilience is at the forefront of the C-suite’s agenda 
these days [9]. Senior-level managers and decision 
makers should take note of the importance of 
establishing firm resilience using AI. AI use can be a 
starting point for establishing firm resilience as it assists 
management in establishing and reconfiguring critical 
resources.  
Organizational decision makers should also focus 
on directing AI use to build dynamic capabilities. It isn’t 
AI use itself that leads to firm performance, but the ways 
organizations use AI to coordinate resources, learn, and 
respond to opportunities during disruptive events that 
matter. Organizational decision makers should be aware 
that embedding AI systems into business operations and 
supply chain activities can drive firm resilience—a 
firm’s situational capability acquire through continuous 
learning and adaptations [9].   
7. Conclusions  
In conclusion, our study focuses on investigating 
how AI use influences firm resilience to supply chain 
disruptions and, in turn, firm performance. Through a 
longitudinal study of organizations that had adopted AI 
in their business practices, we show that firm resilience 
to supply chain disruptions mediates the relationship 




paper lays the groundwork for future research 
concerning the business value of AI.  
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